Abstract. In this paper the so-called Event Cube is introduced, a multidimensional data structure that can hold information about all business dimensions. Like the data cubes of online analytic processing (OLAP) systems, the Event Cube can be used to improve the business analysis quality by providing immediate results under different levels of abstraction. An exploratory analysis of the application of process mining on multidimensional process data is the focus of this paper. The feasibility and potential of this approach is demonstrated through some practical examples.
Introduction
Business process intelligence (BPI) techniques such as process mining can be applied to get strategic insight into the business processes. Process discovery, conformance checking and performance analysis are possible applications for knowledge discovery on process data [11] .
Typically represented in event logs, business process data describe the execution of the different process events along the time. This means that operational data are associated with process events, which turns the static nature of the business data into dynamic. This is a great advantage for business process analysis once that the business behavior can be tracked. Applying process mining techniques on the sequences of events that are used to describe the behavior of process instances, it is possible to discover the business as it is being executed. However, so far, these techniques are typically designed to focus on specific process dimensions, omitting information potentially relevant for the analysis comprehension. An illustrative example demonstrates this observation. Let's assume that there is an event log where the execution information of a product repair process is registered. Basically, this process is defined by 7 activities in which 12 different resources (divided by 3 categories) attempt to fix 2 different kinds of products. Figure 1 presents the behavior of this process, which is the result of the application of a control-flow mining technique on the event log. In these cases the only dimension taken into account is the activity.
Process models, such as the one depicted in Figure 1 , have proven to be effective for process discovery but they can only provide an abstract view of the actual business process. Basically, two distinct aspects are considered: the events (nodes) On the other hand, the workflow defines how the events were executed. Other kinds of queries such as who performed the events, when the events were executed, which objects (e.g., products) are associated with the events (or the process instances), and why a specific process behavior happens are not directly addressed in such a basic approach. Nevertheless, some filtering operations or other process mining techniques may achieve that, though in a non-integrated way.
Specially designed to support on-the-fly hypothesis-driven exploration of data, OLAP systems are commonly used as reporting tools in almost every application for business intelligence. Exploiting the data by combining the different dimensions with some measures of interest, it is possible to adjust on-the-fly the analysis' level of abstraction in an interactive way [2] . Relying on the multidimensional data model, OLAP tools organize the data in such a way that it is possible to have multiple perspectives in the same analysis. Considering the event log's attributes as dimensions, process models can be built in such a way that events and the workflow can be constrained by specific process information. Traditionally, only a single constraint is considered: the activity as events constraint. In a multidimensional approach, process models can be constrained by the dimensions the analyst considers relevant. An example to show the potential of the this approach is given in Figure 2 . Making use of event-based attributes such as the product type as extra events constraint (besides the activity), it is possible to analyze different process behaviors in a single model. An alternative perspective in which the product type is used as workflow constraint is presented in Figure 3 In this paper the Event Cube is presented, a multidimensional approach for process discovery and analysis. Due to its multidimensional nature, the Event Cube may cover a broader range of queries than any other process mining technique. This means that different aspects of the business process can be exploited in an integrated multidimensional analysis. Rather than providing implementation details, this paper consists of an exploratory study of the potential and feasibility of the Event Cube approach, which is implemented in the ProM framework [12] . A further discussion about the concept implementation and evaluation is planned to be presented in a following paper.
The remainder of this paper is organized as follows. In Section 2 the multidimensional data model as well as OLAP concepts are introduced. Section 3 identifies the differences between traditional and multidimensional process models. Section 4 describes the Event Cube and its components. The results of a preliminary experimental study on the Event cube are presented in Section 5. Related work and conclusions are discussed in sections 6 and 7.
Multidimensional Data Model
Mainly used in OLAP, the multidimensional model represents data by means of a multidimensional fact -based structure that supports complex queries in real time. A fact describes a business operation (e.g., sale or purchase), which can be quantified by one or more measures of interest (e.g., the total amount of the sale) and characterized by multiple dimensions of analysis (e.g., the time, location, product and customer). Typically numerical, measures can be aggregated for different levels of abstraction. Each dimension consists of a set of discrete values called dimension values or members. Eventually, in the same dimension, there may be dimension values that represent different concept levels. For these cases, a hierarchy defines the order the different dimension values should be exploited, from a lower to a higher concept level. The typical example of a hierarchy for the time dimension based on the attributes day, month, and year is "day < month < year".
Also designated as hypercube, the data cube provides a multidimensional view of data (i.e., facts) through the materialization of given measures for every combination of the cube's dimension values. Each combination defines a different perspective and is represented by a multidimensional cell. A cell consists of a pair with a set of dimension values that identifies univocally the cell, and a set of aggregated values representing the measures. The set of cells that share the same dimensions forms a cuboid. The complete set of cuboids forms the data cube through a lattice of cuboids.
A cell is materialized with respect to one of its measures when all the values of the cell's representative facts -for that measure -are aggregated according to a given aggregation function. Additionally, it is said that a cuboid is materialized when all of its cells are materialized. The same principle applies to the data cube and its cuboids.
The multidimensional analysis of a data cube consists of the exploitation of its cuboids. Moving through the lattice of cuboids, the analyst is able to adjust the analysis perspective by selecting the cube dimensions. There are five typical OLAP operators that can be used for querying multidimensional data. Drill-Down descends one level in the lattice by adding one dimension (or hierarchy level) to the current perspective (i.e., decreases the level of abstraction). Roll-Up ascends one level in the lattice by removing one dimension (or hierarchy level) from the current perspective (i.e., increases the level of abstraction). Slice and Dice restricts the perspective by using filtering conditions. Pivot permutes the analysis' axes. The perspective remains the same but the information is given in a different layout. Top-k Selection restricts the perspective to the top-k cells of a given measure. Adding the when query to the what and how queries, it is possible to visualize that there may exist bottlenecks in the repair process. This conclusion can be drawn because there is a high amount of incoming edges from different time periods in both simple and complex repairs. Eventually, adding more dimensions to the model, it is possible to determine the causes of specific process behaviors. Note that the different edge colors (gray and black) are used simply to distinguish the interdependencies between time periods. Figure 5 provides an example where the slice and dice operation is applied. By selecting the activities Test, Restart Repair and Close, and considering the instance-based attribute repair status as workflow constraint, it is possible to analyze some of the behavior of the repair process. In order to understand this example, remark that the activity Test tests whether the -last -repair was successful or not, updating the repair status with a "OK" or "Not OK" tag. The history of test results (for the same process instance) is kept in this attribute. So, multiple tags provide insight into unsuccessful repair attempts. More than that, this process perspective clearly shows that a repair case is closed if the repair was successful (i.e., there is the tag "OK" in the repair status) or at the end of the third unsuccessful repair attempt. So, this case is a good example of a why query. 
Process Models
A -traditional -process model can be defined as the set of activities and their dependency relationships (workflow) during a process. Figure 1 is an example of a traditional model in which the activities and the workflow are represented by nodes and edges. Typically, these models can be derived from an event log that contains information about the activities such as the activity designation, the execution date, or the resource that executed the activity. Hence, eventrelated information such as resources or time is often abstracted from the model. The relationships define how the activities were performed. Depending on the representation language, complex relationships such as splits and joins may be explicitly considered. Examples of these languages can be found in [10] .
Multidimensional Process Models can be defined as the set of event occurrences and their relationships (workflow) during a process. It is considered as -event -occurrence a possible combination of dimension values from distinct dimensions (e.g., {T est, P roduct X}). Additionally, unlike traditional models, the workflow in multidimensional process models may also be constrained by multiple dimension values. The result of this extension is that process models are no longer restricted to what and how queries. In theory, depending on the available data, any type of query may be answered using these models.
Figures 2 and 3 are simple examples of multidimensional process models. In the first case, there is no workflow constraint and the event occurrences are defined by two dimensions: activity and product type. In the other case, the product type is used as workflow constraint and the event occurrences are defined only by the activity. Remark that event occurrences may not be directly associated with what queries as it always happens with traditional process models. A good example of these cases is presented in Figure 6 . Defining the one-dimensional event occurrences as resource category, it is possible to analyze the handover of work in the process by executing both who and how types of queries. Depending on the cardinality of each dimension, the number of event occurrences may be significative enough to turn the process model unreadable. Known as curse of dimensionality, this issue is even more evident if the relationships between occurrences are complex and unpredictable. One possible solution to minimize the impact of the dimensionality is the usage of simplified model representations such as the ones that can be used to represent causal nets (C-Nets) [13, 1] . Simply using two different kinds of elements to represent C-Nets (nodes and edges), it is possible to provide a clear picture of the process without omitting information. Complex relationships between activities (i.e., the splits and joins patterns) are provided separately. A similar approach can be applied for representing multidimensional process models.
Event Cube
As indicated before, an Event Cube is defined as a data cube of events and can be used to extend the current process mining techniques with multidimensional capabilities. By materializing a selection of dimensions of interest, an Event Cube can be built to accommodate all the necessary measurements to perform process mining. This means that, all the information regarding the different perspectives (and levels of abstraction) is computed and maintained in the cube, facilitating thus the execution of all types of queries.
The basic implementation of an Event Cube is depicted in Figure 7 and can be characterized as follows. Relying on an index instead of directly on the event log, the lattice of cuboids is firstly built according to a given set of dimensions. Representing a different perspective, each of these cuboids holds the event occurrences that define a given perspective. These occurrences are represented as multidimensional cells and can be characterized by multiple measures. The Event Cube materialization process is finished when all the measures of all the multidimensional cells are computed. Then, the materialized measures can be either directly analyzed (e.g., using a pivot table) or used for process mining (e.g., deriving multidimensional process models). Indexation consists of the application of information retrieval techniques on event logs. Commonly used in document retrieval systems, inverted indices are capable to index multidimensional datasets in such a way that any dimension value can be directly accessed. Basically, these indices rely on the locations in the dataset where the dimension values appear. By applying the inverted indexing concept on event logs, it is possible to directly retrieve all the process events according to given constraints. Since event logs organize the process data as sets of traces (each trace is a set of events), the pair of identifiers (trace ID, event ID) can be used to index the different event dimensions. The intersection of sets of identifiers determines the locations of the events (trace and trace position) that are characterized by specific dimension values. Further details about inverted indices can be found in [5] .
Materialization consists of the computation of the business process-related measures. For reporting purposes, final measures (e.g., the Throughput Time) can be either retrieved directly from the event log or derived using some given function. For process mining purposes (e.g., process discovery), auxiliary measures can be maintained in order to facilitate the execution of the process mining techniques. An example of these process mining-related measures is the Flexible Heuristics Miner's dependency measures [13] that can be straightforwardly used to derive multidimensional process models. Basically, this control-flow mining algorithm derives the input and output activities of a given activity by using simple frequency-based measurements and applying thresholds. Considering multidimensional cells (i.e., event occurrences) instead of activities, the algorithm can be normally executed on the cuboids' cells in order to build the multidimensional process models for the different perspectives.
Analysis consists of the exploitation of the Event Cube information. Applying the typical OLAP operators on the Event Cube, it is possible to adjust the analysis' process perspective by selecting the cube dimensions. This means that the analyst is able to explore the measures or derive process models under different abstraction levels. One of the major claims in this paper is that process models can be built using multiple dimensions. In the traditional process models (e.g., C-Nets) only one dimension is considered: the activity. Nodes represent the executed activities and edges refer the workflow. Figure 1 shows an example of these models. So, it can be concluded that traditional process models are defined by one-dimensional nodes and zero-dimensional edges. Remark that these models can be represented by an one-dimensional cuboid on the dimension activity. The number of dimensions of multidimensional process models is defined by the cuboid dimensionality. So, all of the cuboid's dimensions need to be selected either as event occurrences or workflow constraints. This implies that two multidimensional models on the same cuboid (i.e., representing the same perspective) may adopt very distinct representations. Figures 2 and 3 present two different representations of the same multidimensional model. In the first case the occurrences are formed by the dimensions activity and product type and there are no workflow constraints. In the second case the occurrences are formed exclusively by the dimension activity, while the workflow is constrained by product type.
Experiments
A preliminary implementation of the Event Cube approach was done in Java as a ProM 6 plugin [12] . Basically, the implementation consists of an inverted index, an Event Cube data structure, a multidimensional version of the Flexible Heuristics Miner (FHM), and a graphical user interface for OLAP-based process analysis. In order to evaluate the scalability of the approach, several Event Cube instances (with the FHM measurements) as well as multidimensional process models were computed using different event logs. Considering the computing time as the main performance indicator, this evaluation study aims at the analysis of the impact of three main variables: (i) the size of the event log, (ii) the Event Cube's dimensionality, and (iii) the dimensions' cardinality.
All the event logs used in these experiments were generated from the repair process introduced in Section 1. Varying the number of resources as well as products, 4 event logs with 1000 process instances are used to evaluate the impact of the dimensions' cardinality in the Event Cube's materialization. In order to keep the process consistency, the existing resources and products are simply multiplied (cloned). Figure 8c presents the results of this evaluation. The line represents the materialization time (primary axis) for the different cardinality setups, while the bars refer the number of materialized cells (secondary axis). In the event log identifiers (x-Axis), A refers the activities, P the products and R the resources. Using again the same characteristics of the repair process, 6 event logs with different number of process instances are used to evaluate the impact of the event log size in the Event Cube's materialization -as well as the multidimensional model computation. With respect to the number of process instances (x-Axis), Figure 8a compares the computing time evolution of building the inverted index, materializing the Event Cube, and computing a one-dimensional model equivalent to a traditional one. Additionally, the computing time of the original FHM (i.e., deriving the C-Net directly from the event log) is also presented for comparison. Figure 8b presents the evolution of the computing time for building multidimensional Event Cubes and multidimensional models (y-Axis) with respect to the number of process instances (x-Axis). All the experiments were run on Intel Core 2 Quad Q9650 3.0GHz with 4Gb on Microsoft Windows XP OS.
An interesting observation in these experiments is the curse of dimensionality issue. Figure 8c confirms that the dimensions' cardinalities have direct impact on the number of cells and, consequently, on the performance. From a different point of view, Figure 8b shows that cube's dimensionality is a bigger issue than the event log size. As expected, like in traditional OLAP applications, the cube materialization is the most demanding process. Nonetheless, this is not considered a critical issue once that the Event Cube materialization should be a single-run process (i.e., cube instances can be reused at different points in time). The results also confirm that deriving a multidimensional model from an Event Cube is almost immediate. Considering only the time for deriving the process model, the Event Cube clearly outstands the traditional FHM approach (Figure 8a ). Taking into account that the experiments were conducted on a preliminary implementation (i.e., there is still room for improvements such as the use of multithreading and efficient materialization strategies), it can be concluded that the experiment results are promising. However, although the results suggest the feasibility of the approach, demonstrating it requires additional experiments.
Related Work
Traditionally associated to decision support systems (DSS), OLAP systems provide a different view of the data by applying the multidimensional paradigm [2] . OLAP techniques organize the data under multiple combinations of dimensions and, typically, numerical measures. A lot of research have been done to deal with OLAP technical issues such as the materialization process. An extensive overview of these works can be found in [5] . The application of OLAP on non-numerical data is increasingly being explored. Temporal series, graphs, and complex event sequences are possible applications [6, 3, 7] .
Process mining techniques provide strategic insight into the business processes. Process discovery, conformance checking and performance analysis are possible applications [11, 4, 10] . However, the state-of-the-art process mining techniques do not support yet multidimensional analysis. Nevertheless, some research has been done in multidimensional process analysis [9, 8] . Workflow ART is a proposed framework to explore the three main business process dimensions action (or activity), resource and time. Although several predefined business measures can be analyzed, this approach is not flexible as an OLAP-based technique. A fully multidimensional approach for business process analysis can be found in [8] . Relying in the multidimensional data model, this approach maps the different aspects of the business process into a data cube. However, only numerical information is considered.
Conclusions
This paper is about an exploratory analysis of the application of process mining on multidimensional process data. Rather than the concept implementation details, it is intended to demonstrate the potential and feasibility of the Event Cube approach. Several examples are given to provide some insight into the different types of business queries the proposed approach can execute. The Event Cube (i.e., a data cube of events) is defined to support these multidimensional analyses, which can either be done directly on the cube or using the cube as basis for process mining techniques such as the Flexible Heuristics Miner. Implementing the main OLAP operators, the proposed framework provides to the business analyst the opportunity to drill-down the process information without complex queries and long response times. A preliminary experiment analysis suggests that the Event Cube approach is feasible. However, further experiments using a revised implementation and real datasets are still necessary.
